Quantifying and separating different sources of uncertainty helps to improve the understanding of the projected effects of climate change and can inform decisionmaking in adaptation planning. This paper (1) evaluated four process-based crop models; (2) assessed the effects of climate change on maize yield using climate change outputs from seven global climate models (GCMs) under three representative concentration pathways (RCPs); and (3) disaggregated the contributions of multiple crop models, GCMs and RCPs to overall uncertainty. All four models captured more than 80% of the variation in days to silking, maturity and yield, indicating reasonably reproduced observations. Similarly, the root mean square errors were moderate for days to silking and maturity (fewer than 4 days) and yield (0.5-0.7 t/ha). Overall, the results indicate that the models could assess grain yield at the study sites reasonably well. The results of the multiple models ensemble indicate that the maize yield will decrease by 9-11% with a probability of 72-80% on average during the period 2010-2039 relative to the baseline . The uncertainty in the maize-yield simulations might arise mostly from the GCM models, followed by the crop models and RCPs, the contribution of which could be neglected relative to the other factors. Therefore, the use of a multiple crop model and a GCM ensemble is advisable in order to account properly for uncertainties in crop assessments. K E Y W O R D S climate model, crop model, uncertainty, variance, yield
Quantifying and separating different sources of uncertainty helps to improve the understanding of the projected effects of climate change and can inform decisionmaking in adaptation planning. This paper (1) evaluated four process-based crop models; (2) assessed the effects of climate change on maize yield using climate change outputs from seven global climate models (GCMs) under three representative concentration pathways (RCPs); and (3) disaggregated the contributions of multiple crop models, GCMs and RCPs to overall uncertainty. All four models captured more than 80% of the variation in days to silking, maturity and yield, indicating reasonably reproduced observations. Similarly, the root mean square errors were moderate for days to silking and maturity (fewer than 4 days) and yield (0.5-0.7 t/ha). Overall, the results indicate that the models could assess grain yield at the study sites reasonably well. The results of the multiple models ensemble indicate that the maize yield will decrease by 9-11% with a probability of 72-80% on average during the period 2010-2039 relative to the baseline . The uncertainty in the maize-yield simulations might arise mostly from the GCM models, followed by the crop models and RCPs, the contribution of which could be neglected relative to the other factors. Therefore, the use of a multiple crop model and a GCM ensemble is advisable in order to account properly for uncertainties in crop assessments. When assessing the effects of climate change, there is an increasing recognition that more attention needs to be paid to the uncertainties in climate projections and the predicted responses of crops to climate change Asseng et al., 2015; Liu et al., 2016) . An appropriate understanding of how climate change will affect future crop productions is essential to support attempts to plan for future adaptation, while the uncertainty inherent in projecting the effects of future climate change can often paralyse estimates Guan et al., 2017) . Information about uncertainties needs to be accounted for in as much detail as possible in order to increase confidence in studies of the effects of climate change (He et al., 2017; Maiorano et al., 2017; Wang et al., 2017) .
Model ensembles, including multiple climate models or multiple greenhouse gas emissions and multiple crop models or multiple crop model parameterizations, have been well used to evaluate the uncertainty arising from various models (Tao et al., 2009; Asseng et al., 2013; Holzkämper et al., 2015a; Yang et al., 2017) . Furthermore, an important issue in examining uncertainty is to quantify and separate the contributions of individual sources to the total uncertainty, which are less well understood. Some ensemble studies have shown that variation among different structural crop models could contribute more to uncertainty than variation among different global climate models (GCMs) (Asseng et al., 2013; Araya et al., 2015) , whereas other studies have reported conflicting results (Kassie et al., 2015; Zhang et al., 2015; Bregaglio et al., 2017) . Zhang et al. (2015) also pointed out that the uncertainty caused by climate and crop models likely changes with the prediction period. This discordant research in structural model uncertainty provides an opportunity to compare how the choice of crop and climate models influences the predicted crop yield and to add to the body of available knowledge. This paper explores the main trends in future maize yields, and quantifies and ranks the multiple sources of uncertainty in yield simulations related to GCMs, representative concentration pathways (RCPs) and crop models. Four maize crop models were applied to a major agricultural production area in Northeast China (Figure 1 ) to simulate the maize yield under baseline conditions and a range of climate change scenarios when considering the projections of seven GCMs and three RCPs.
| MATERIALS AND METHODS

| Study sites and observed data
Three agro-meteorological stations run by the China Meteorological Administration, along a south-north transect in Northeast China, with high-quality data records were selected: Chaoyang (41.33 N, 120.27 E) in Liaoning province; Huadian (42.59 N, 126.45 E) in Jilin province; and Hailun (47.26 N, 126.58 E) in Heilongjiang province ( Figure 1 ). Crop data were collected during the periods 1990-1999 for variety Danyu_13 at Chaoyang, 1996 -2004 for variety Jidan_120 at Huadian and 1998-2006 for variety Haiyu_6 at Hailun; the data included maize phenological stages of silking (when one or more silks extend from the husk leaves) and physiological maturity (when a black layer has formed at the bottom of the kernel), grain yield and management practices. The corresponding historical daily meteorological data were collected, including the maximum and minimum temperatures, sunshine hours, precipitation, wind speed and relative humidity. Soil characteristics, including the saturated water content, field capacity, wilting point, initial available soil water and bulk density, were also assessed at each site.
| Methods
Four process-based crop models representing the structural uncertainty among crop models and seven GCMs and three RCPs representing the uncertainty in climate change scenarios were used. First, the four crop models were evaluated using observed crop data and historical meteorological data at each station. A total of 21 climate projections were then identified based on the seven GCMs and three RCPs and used to drive the four crop models to evaluate the ensemble response of maize yield to climate change, incorporating the climate and crop model uncertainties. Finally, the variance components were analysed to disentangle the contributions of different sources of uncertainty from the GCMs, RCPs and crop models in the maize-yield ensemble simulations under climate change.
| Participating crop models
Four different process-based crop models were selected to simulate the maize yield at baseline and under climate change: Agricultural Production Systems sIMulator (APSIM Ver. 7.5; Keating et al., 2003) ; Hybrid-maize Ver. 2014.5 (Yang et al., 2004) ; WOrld FOod STudies (WOFOST Ver. 7.1; Boogaard et al., 1998) ; and Crop Estimation through Resource and Environment Synthesis (CERES Ver. 4.5; Jones et al., 1986) . The main characteristics of these models are summarized in Bassu et al. (2014) and in the individual model documents. The four models differ in phenological development, leaf growth, light use and grain formation. Hybrid-maize considers only the effects of temperature on phenology, while the other models include both temperature and photoperiod functions. The APSIM and CERES assume that the effects of photoperiod on maize phenology are additive to those of temperature, while the WOFOST uses multiplicative functions to describe the interaction between temperature and photoperiod effects. Leaf growth in Hybrid-maize, APSIM and CERES is driven by temperature as a function of leaf number and assimilate availability, Locations of selected study sites whereas leaf growth in the WOFOST depends on assimilate availability, dry matter partitioning co-efficients and specific leaf area. The APSIM and CERES adopt a radiation-useefficiency approach to simulate light use, photosynthesis and biomass accumulation, while Hybrid-maize and WOFOST use an approach involving gross photosynthesis minus respiration. Grain formation in Hybrid-maize and CERES is driven by the number of grains and grain growth rate, whereas in the APSIM and WOFOST it depends primarily on the partitioning of dry matter during the reproductive stages.
To evaluate the performance of the crop models, the observed crop data for the single variety at each site were divided into two categories: even and odd years. Data in even years were used to calibrate the crop models and those in odd years were used for evaluation. A trial-and-error method was used to achieve the best match between the simulated and observed silking and maturity dates and grain yield. The statistical indices used to evaluate performance were the co-efficient of determination (R 2 ), which represents the true deviation of the estimates from the observations; and root mean square error (RMSE), which measures the overall relative error.
| Climate change scenarios
Seven GCMs and three RCPs were used to generate the climate scenario data in the study. The GCMs participating in the Coupled Model Intercomparison Project, Phase 5 (CMIP5), were BCC-CSM1-1 (China), CCSM4 (United States), CSIRO-MK3-6-0 (Australia), EC-EARTH (Europe), IPSL-CM5A-MR (France), MRICGCM3 (Japan) and NorESM1-M (Norway). (For more detailed information about the GCMs, see the CMIP5 website at http://cmippcmdi.llnl.gov/cmip5/availability.html.)
The RCP2.6, RCP4.5 and RCP8.5 scenarios were used in this study. In RCP2.6, the lowest of the RCPs, the total radiative forcing reached a peak at approximately 3 W/m 2 around 2050 and declined thereafter. The RCP4.5 is a stabilization scenario with the total radiative forcing rising until 2070 and with stable concentrations (without an overshoot pathway to 4.5 W/m 2 ) after 2070. The RCP8.5 is a continuously rising radiative forcing pathway in which the radiative forcing levels by the end of the 21st Century would be approximately 8.5 W/m 2 . The daily maximum and minimum temperatures and precipitation were available for the GCMs. Other variables (i.e. wind, humidity and radiation) necessary for forcing the crop models were obtained from the historical records of the weather stations. The time slices selected in this study were 1976-2005 for the baseline and 2010-2039 for the future period. The climate scenarios for each site were extracted from the closest grid-point data.
| Ensemble simulations
Four calibrated crop models characterizing current maize varieties were used to simulate yield with the outputs of 21 climate scenarios (seven GCMs × three RCPs) for climate change from 2010 to 2039 compared with the corresponding simulation under baseline climate conditions . The simulation used fixed sowing dates set to May 9 for Hailun, May 2 for Huadian and May 12 for Chaoyang, based on the average sowing dates between 1990 and 2010 at each study site. Ultimately, four crop models × 21 climate projections (seven climate projections) × 30 years = 2,520 (840) sets of simulations were generated for the future climate periods (baseline).
| Separating the contributions of different sources to uncertainties in ensemble yield simulations
Variance analysis is an important and popular approach to disaggregate total uncertainty among the various contributions (Diniz-Filho et al., 2009; Yip et al., 2011; Ceglar and Kajfež-Bogataj, 2012; . A random effects analysis of variance (ANOVA) was performed to separate the uncertainties in the yield simulations attributable to the crop model, GCM, RCP and error (inter-annual variability). Variance components were estimated as the simple proportions of the sum of squares attributable to these uncertainty factors with respect to the total sum of squares.
3 | RESULTS AND DISCUSSION 3.1 | Performance of the crop models against observational data Figure 2 compares the simulated and observed values for silking and maturity dates (days after sowing) and grain yield. The close alignment of the points to the 1:1 line indicates that all models simulated the growth stages and grain yield reasonably well, without obvious systematic bias. All models captured more than 80% of the variation in days to silking and around 90% of the variation in days to maturity. The models could explain around 70% of the variation in the observed maize grain yield. Compared with the calibration set, all the models reproduced a stable phenology performance and yield in the evaluation set. This encouraging result was confirmed by the statistical indicator RMSE. The RMSEs for days to silking and to maturity were both as low as 4 days for all four models. The RMSEs between the simulated and observed grain yield were 0.6-0.7 t/ha, with errors generally less than 10%.
Considering the limitations of unavailable data inputs that used default or unmeasured parameters in the models and the uncertainty from the unevenness of crop sampling, which might contribute to the simulated yield difference, the results indicate that all four crop models can assess the observed growth and grain yield at all three sites reasonably well. Other studies have reported that an ensemble of models can simulate yields accurately even with limited information for calibration (Bassu et al., 2014; Li et al., 2015) .
Therefore, together the four crop models decreased the uncertainty in simulated yield from individual models and poor observed information.
| Future climate change scenarios
The simulated ensemble mean seasonal (May-September) minimum temperatures were 12.7, 14.4 and 16.6 C for the period 2010-2039 at Hailun, Huadian and Chaoyang respectively, whereas the mean maximum temperatures were 22.1, 23.5 and 27.9 C for the corresponding sites. The simulation results projected respective increases in minimum temperature by up to 1.4, 1.1 and 1.3 C and in maximum temperature by up to 0.9, 1.1 and 0.9 C for the period 2010-2039 at Hailun, Huadian and Chaoyang compared with the baseline (Table 1) . Despite the differences among GCMs and RCPs, all the projections yielded increases in both the minimum and maximum temperatures. The ensemble results of positive trends in temperature were in accordance with previous studies (Xu and Xu, 2012; Wang and Chen, 2014) .
The mean seasonal precipitation varied with the GCM and RCP used, with ranges of 415-646, 408-667 and 441-789 mm for the period 2010-2039 at Hailun, Huadian and Chaoyang respectively. The mean seasonal precipitation changes across the GCMs and RCPs had varied ranges of -5% to 11%, -14% to 16% and -15% to 15% for the period 2010-2039 at Hailun, Huadian and Chaoyang respectively. Unlike temperature, precipitation was not expected to have a consistent change in sign among the GCMs and RCPs. However, the majority (approximately 62-71%) yielded increases in precipitation, which is consistent with the IPCC (2014) and Wang and Chen (2014) .
The projected seasonal minimum and maximum temperatures and precipitation varied largely with the GCMs and RCPs used, indicating considerable uncertainty in future climate scenarios. Figure 3 shows the yield changes during the period 2010-2039 as simulated using the four crop models based on seven GCMs under three RCPs. Overall, the changes in future mean yield ranged as follows: from -17% based on Hybridmaize and BCC-CSM1-1 under RCP8.5 to 1% based on the CERES and CSIRO-MK3-6-0 under RCP2.6 at Hailun; from -18% based on Hybrid-maize and EC-EARTH under the RCP4.5 to -4% based on the APSIM and IPSL-CM5A-MR under RCP2.6 at Huadian; and from -19% based on the WOFOST and BCC-CSM1-1 under RCP8.5 to -5% based on the APSIM and CSIRO-MK3-6-0 under RCP2.6 at Chaoyang. Appreciable differences were observed in the quantity of the simulated yield changes among the different sets of crop model, GCM and RCP combinations, which contributed to uncertainty in yield projection under climate change. However, one consensus was that the yield change trends for the different sets of crop models, GCMs and RCPs were negative. The strong agreement among the different sets of crop models, GCMs and RCPs in projecting yield changes revealed some confidence that climate change might decrease future yields compared with the baseline. When taken as a Calibration (unfilled symbols) and evaluation (filled symbols) results for the four maize models at three sites. Different study sites are depicted with different symbols: △ represents the Chaoyang site, ○ represents the Hailun site, □ represents the Huadian site. The variation from left to right edge represented that of silking and maturity dates (days after sowing). The linear regression equations and root mean square errors (RMSE) for the all values of silking and maturity dates (days after sowing) and grain yield are shown, respectively [Colour figure can be viewed at wileyonlinelibrary.com] multiple RCP-GCM-crop models ensemble, the future mean yields were projected to decrease by 9%, 11% and 11% with probabilities of 75%, 72% and 80% during the period 2010-2039 at Hailun, Huadian and Chaoyang respectively.
| Future trends in yield
The magnitude of the decreases in maize yield was in broad agreement with previous studies that used the process-based crop models for Northeast China (Tao and Zhang, 2011; Zhang et al., 2015) . Nevertheless, the maize yield changes were assessed as relatively stable (less than -5%) in some studies using the statistical model Zhang et al., 2017) .
Note also that the process-based crop model yielded a greater magnitude in the yield response, despite similar results for future yield changes. The capacity to account for nonlinear yield responses from multiple interactive factors in a processbased crop model, which was much more constrained in the statistical methods, might contribute to these differences (Roudier et al., 2011; Zinyengere et al., 2013) . Other reasons for the differences across these studies could be the uncertainty in the structures of the crop models and the climate projections. However, compared with simple statistical regressions that attempted to include more factors, a process-based crop model may be more suitable to simulate more complex climate change scenarios beyond the single effect of temperature change (Liu et al., 2016; Jin et al., 2017) .
The results were based on the assumption that managers would continue to plant the same varieties in the same way without considering the effects of using modern varieties or changing the planting date, which have been proven effective adaptations to mitigate the negative effects of climate 
Hailun BCC-CSM1-1 change (Chen et al., 2013; Liu et al., 2013; Meng et al., 2014) . Because the WOFOST and Hybrid-maize models lack the ability to incorporate CO 2 , this study did not consider the effects of elevated CO 2 on maize yield. Recent studies have reported small benefits of increased CO 2 on maize yield, rather than substantial effects (Twine et al., 2013; Kassie et al., 2015; Urban et al., 2015) . Table 2 presents the results of the ANOVA performed to identify the contributions of the crop models, GCMs, RCPs and inter-annual variability. The highest proportion in all cases was related to inter-annual variability, explaining more than 56% of the yield variation. The overall GCM uncertainty was large compared with the influence of crop model and RCP factors. The GCM explained the proportion with means of 17-29% of the variation in yield at the three sites. The crop model also made an important contribution to the ensemble yield variance, with proportions ranging from 10% to 13%. These findings were in agreement with Kassie et al. (2015) and Zhang et al. (2015) , who indicated that GCMs were a major source of future uncertainty. However, they were in contrast to the results of another study reporting that the uncertainties from crop models were larger than those from GCMs (Asseng et al., 2013) . In that study, the results were derived from 26 process-based crop models coupled with 16 GCMs. Similarly, the effects of climate change on maize yields were smaller among 20 GCMs than between two process-based crop models (Araya et al., 2015) . This implies that the choice of crop models and climate projections might influence the uncertainty in future yield projections. Araya et al. (2015) pointed out that the use of a few models with very distinct characteristics might narrow the apparent uncertainty, but could produce extreme results, which may not reflect the true state of scientific uncertainty about the future climate. Therefore, the use of a wide range of crop and climate models should be stressed to improve the understanding of climate change assessment and the related uncertainties.
| Yield uncertainty
The yield variance was least affected by the RCPs, at less than 5%, compared with the above-mentioned factors. In agreement with this finding, Araya et al. (2015) reported that climate projections for the RCP4.5 and RCP8.5 contributed little difference to maize yields in southwestern Ethiopia. Therefore, multiple GCM-crop model ensembles should be given priority to address adequately the uncertainty when assessing the yield under climate change when the available information is limited. Furthermore, Holzkämper et al. (2015b) pointed out that the uncertainties from climate and parameters in crop models were small compared with the influences of management and soil. Therefore, further investigations should focus on including the effects of uncertainties on simulation outputs as they relate to management and soil conditions and the uncertainty in crop model parameterizations (Zhou and Wang, 2015) .
| CONCLUSIONS
In this study, 21 climate projections consisting of the combinations of seven global climate models (GCMs) and three representative concentration pathways (RCPs) were used to drive the four process-based crop models and evaluate the ensemble response of maize yield to climate change, incorporating the climate and crop model uncertainties. The ensemble-based probabilistic approach was applied to analyse the uncertainties of yield simulations, related to different structural crop models, GCMs and RCPs. Variance decomposition was used to rank the multiple sources of uncertainty according to their effects on the simulated yields, with the goal of evaluating their importance in yield simulations.
Crop models were evaluated for parameterization before being used to simulate the yield under climate change. The results illustrated that all four crop models could assess the observed growth and grain yield at all three sites reasonably well. The different sets of crop model, GCM and RCP combinations all showed the yield reduction, but with a large dispersion of it. The findings of multi-model ensembles indicated that the negative effects of climate change on maize yield ranged from 9% to 11%, with a probability of 72-80%, in the period 2010-2039 relative to 1976-2005. Based on the selection of models in this study, variance decomposition of simulated yield revealed that the uncertainty in yield simulation was strongly influenced by GCMs and crop models compared with the RCPs, which caused only small differences.
